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Abstract
Rationale Quantitative analysis of electroencephalographic
signals (EEG) and their interpretation constitute a helpful
tool in the assessment of the bioavailability of psychoactive
drugs in the brain. Furthermore, psychotropic drug groups
have typical signatures which relate biochemical mecha-
nisms with specific EEG changes.
Objectives To analyze the pharmacological effect of a dose
of alprazolam on the connectivity of the brain during
wakefulness by means of linear and nonlinear approaches.
Methods EEG signals were recorded after alprazolam
administration in a placebo-controlled crossover clinical
trial. Nonlinear couplings assessed by means of corrected
cross-conditional entropy were compared to linear cou-
plings measured with the classical magnitude squared
coherence.
Results Linear variables evidenced a statistically significant
drug-induced decrease, whereas nonlinear variables showed
significant increases. All changes were highly correlated to
drug plasma concentrations. The spatial distribution of the
observed connectivity changes clearly differed from a
previous study: changes before and after the maximum
drug effect were mainly observed over the anterior half of
the scalp. Additionally, a new variable with very low
computational cost was defined to evaluate nonlinear
coupling. This is particularly interesting when all pairs of
EEG channels are assessed as in this study.
Conclusions Results showed that alprazolam induced
changes in terms of uncoupling between regions of the
scalp, with opposite trends depending on the variables:
decrease in linear ones and increase in nonlinear features.
Maps provided consistent information about the way brain
changed in terms of connectivity being definitely necessary
to evaluate separately linear and nonlinear interactions.
Keywords Pharmaco-EEG . Benzodiazepine . Alprazolam .
Conditional entropy
Introduction
Quantitative analysis of electroencephalographic signals
(EEG) and their interpretation constitute a helpful tool in
the assessment of the bioavailability of psychoactive drugs
in the brain. Psychotropic drugs have typical signatures
which can be related to specific EEG patterns (Saletu et al.
1987; Yoshimura et al. 2007). Spontaneous EEG data
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present a mixture of brain states that can be affected by
drugs in different ways and degrees, and therefore drug
effects can reveal themselves as alterations in energy,
coupling, duration, spectral measures, or spatial location
of brain states on the scalp (Barbanoj et al. 2002; Saletu
2002a, b).
The most widely used method to assess the influence of
drugs on the CNS is based on changes obtained in spectral
EEG variables. The effect of different drug classes on these
spectral variables derived from univariate EEG time series
is well established (Saletu et al. 1987; Barbanoj et al. 1994).
The analysis of interactions between different brain areas is
a developing field, and a number of different approaches
aiming at a quantification of the degree of synchronization
between neural signals can be found in the literature.
Neural dynamics and synchronization of brain signals have
been increasingly recognized to be an important mechanism
to measure coordination of brain regions (Singer 2001; Xie
2010). Synchronous oscillations between different regions
may be useful correlates of brain function, and their
changes have been used for instance in the study of
cognitive processes and depth of anesthesia (Basar et al.
2001; Ferenets et al. 2006; Miyake et al. 2010), drug effects
(Fingelkurts et al. 2009; Alonso et al. 2010; Minc et al.
2010), pathologies directly related to cerebral activity
(Jeong et al. 2001; Stam 2005; Srinivasan et al. 2007;
Alonso et al. 2011), and other diseases (Tong et al. 2003;
Shin et al. 2006). Nonlinear techniques, mainly based on
generalized and phase synchronization measures, have
lately been used to quantify nonlinear interactions in
neurophysiology (David et al. 2004; Pereda et al. 2005;
Stam 2005; Stam et al. 2009; Kreuz et al. 2007; Montez et al.
2009; Wendling et al. 2009).
Nonlinear tools are not intended to substitute linear
approaches. They are a useful alternative approach to assess
interdependencies between neural assemblies and to pro-
vide additional information (Pereda et al. 2005; Wendling
2009). Results obtained with multivariate nonlinear meth-
ods must not necessarily coincide with those obtained from
linear analysis. Pattern synchronization has been proposed
in the literature as means to characterize the probability of
finding similar dynamics between biomedical signals. For
example, cross-entropy measures have been applied to heart
rate variability (HRV; Porta et al. 2007a, b) and also to
neural signals (Papadelis et al. 2007; Zhang et al. 2007; Xie
et al. 2010).
In the pharmaco-EEG analysis framework, some meas-
ures derived from information theory were evaluated in a
previous study assessing the effects of a benzodiazepine
(alprazolam) on the brain (Alonso et al. 2010). Cross-
mutual information function and appropriate surrogate data
were applied to assess linear and nonlinear couplings
between EEG signals. Results showed that alprazolam
induced significant changes in EEG connectivity in terms
of information transfer as compared with placebo, and its
effects were found to be distributed over the entire scalp.
Opposite variations between linear and nonlinear mutual
information were reported in this previous study, and
complementary evaluations were suggested.
Due to the enhancement of inhibitory neurotransmission
secondary to benzodiazepine administration, a weakening
of functional connectivity can be hypothesized. Assessment
of linear and nonlinear components of inhibitory activity
will help reveal effects that are not observable using only
one approach. Analyses based on different techniques can
provide additional information to better characterize phar-
macological effect on the brain.
Cross-conditional entropy (XCE) was used in the present
study to evaluate the functional connectivity of the brain
after alprazolam intake. As explained below, this entropy
measure is the complementary of cross-mutual information.
This technique is expected to provide some additional
information on coupling differences between EEG leads
following drug administration with respect to those
obtained in our previous study (Alonso et al. 2010). For
the sake of comparison, the classical magnitude squared
coherence (MSC) was also obtained. Coherence is one of
the most common indicators of EEG coupling reported in
the literature (Tauscher et al. 1998; Achermann and Borbély
1998; Weiss and Rappelsberger 2000; Abraham and Duffy
2001; Zavaglia et al. 2008; Wendling et al. 2009) and
represents a measurement of linear covariation in the
frequency domain. Some authors have proposed alternative
measures based on more sophisticated techniques (Lachaux
et al. 1999; Nolte et al. 2004) to overcome the limitations of
coherence, but it is still widely used, as shown by recent
studies concerning EEG effects after benzodiazepine
administration (Romano et al. 2002; Sampaio et al. 2007).
The aims of the present study were twofold: (1) to assess
the pharmacological effect of a single dose of alprazolam
on the cerebral connectivity in the waking state; and (2) to
evaluate linear and nonlinear interactions at different brain
regions.
Methodology
Experimental protocol
Nine healthy volunteers (aged between 20 and 32 years,
mean age 23 years) participated in a clinical trial in which
they received a single dose of alprazolam 1 mg according to
a double-blind randomized crossover placebo-controlled
design. Volunteers were not allowed to take any psychoac-
tive drug in the 2 weeks before the study or during the
study period. They also abstained from alcohol, tobacco,
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and caffeine in the 48 h before each experimental day,
which were separated by a 1-week washout period. The
study was conducted in accordance with the Declaration
of Helsinki and subsequent revisions concerning exper-
imentation in humans, and was approved by the
Hospital Ethics Committee and the Spanish Ministry of
Health.
Upon arrival at the laboratory, volunteers received
instructions from the experimenter, a cannula was placed
in the cubital vein for blood sampling, and medication was
given. Blood was drawn at various time points immediately
after signal recording, to establish the pharmacokinetic
profile of the drug. Blood samples were heparinized and
centrifuged, and plasma concentrations of alprazolam were
measured by a validated liquid chromatography tandem
mass spectrometry method.
Throughout the experimental session, volunteers
remained seated in a comfortable reclining chair in a dimly
lit room. EEG recordings were performed with eyes closed
and volunteers were asked to remain alert throughout the
experiment. All spontaneous EEG recordings were
vigilance-controlled, that is, they were visually monitored
for alertness. As soon as drowsiness patterns such as
suppression of alpha wave trains appeared in the EEG
signals, volunteers were aroused by gentle acoustic stimu-
lation and recovered their initial alertness state.
Signal acquisition was performed before drug intake
(PRE recording) and at six time points after drug intake:
30 min, 45 min, 1 h, 1.5 h, 2.5 h, and 4 h. Three-minute
recordings consisted of vertical and horizontal electroocu-
logram (EOG) signals, and 19 EEG channels corresponding
to Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5,
P3, Pz, P4, T6, O1, and O2, according to the international
10/20 system (Jasper 1958) referenced to averaged mastoid
electrodes (A1 and A2).
Gold-plated standard EEG electrodes were used, keeping
electrode impedance below 5 kΩ. EEGs were analogically
band-pass filtered between 0.1 and 50 Hz, and recorded
by means of a NEUROSCAN SynAmps amplifier with
an A/D resolution of 24 bits at a sampling frequency of
100 Hz.
Artifact reduction and rejection
A two-step artifact processing procedure was used: a first
stage of ocular artifact reduction and a second stage of
automatic artifact rejection.
The reduction of ocular contamination was based on
blind source separation, a signal processing technique
whose goal is to express a set of signals as a linear
combination of statistically independent component signals.
For this purpose, the SOBI algorithm (Belouchrani et al.
1997) was used, which is based on eigenvalue decompo-
sition of a linear combination of several time-delayed
covariance matrices. Corrected EEG signals were recon-
structed from the remaining components, by zeroing out the
corresponding rows of matrix s^, after detecting the source
signals related to ocular interference. The automatic
identification of these ocular sources was based on spectral
features and topography on the scalpic features of the
signals as described in Romero et al. 2008).
In a second step, an automatic artifact rejection proce-
dure based on time and frequency domain approaches
(Anderer et al. 1992) was applied to each 5 s epoch
available from the original 3-min recording.
After computing the two-step artifact processing proce-
dure, an artifact-free consecutive 30 s segment was cropped
out. Each available signal was filtered between 1.3 and
35 Hz using a type II Chebyshev filter of order 20. Zero-
phase forward and reverse digital filtering was applied to
cancel phase distortions.
XCE calculation
CE is a measure of entropy rate that quantifies the
regularity of a signal, that is, the amount of information
carried by the signal when its past samples are known
(Papoulis and Pillai 2002). To overcome the limitations of
having finite-length signals for the estimation of entropy
rate, Porta and coworkers proposed the use of the corrected
conditional entropy (CCE) function. This function success-
fully distinguishes the decrease of the entropy rate related
to the repetition of patterns from that related to the limited
amount of data points in a sequence (Porta et al. 1998).
This approach was later generalized in order to determine
the degree of uncoupling between two time series, also
using an estimator of the uncoupling function to obtain
reliable estimates even from short segments of data (Porta
et al. 1999). This method allows for a fast calculation and
facilitates its use on data obtained in real experimental
conditions where recording cannot be maintained for
unlimited periods of time.
The calculation of the CE is as follows. Let us assume a
signal with its amplitude range quantized using a standard
partition with partition points given by the (q/8)-quantiles
(q ranging from 1 to 7). The quantized signal [s(i)] follows
a uniform distribution, is invariant under monotonic
distortions, and robust against outliers (Escudero et al.
2009).
If we define a pattern of length L as the ordered
sequence of L samples, that is, sL(i) = [s(i), s(i−1), s(i−2),
…, s(i−L−1)], we can interpret these patterns as an L-
dimensional representation of the quantized signal.
Hence, we obtain 8L disjoint hypercubes where all
patterns contained in the same hypercube are essentially
indistinguishable.
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CE is based on an estimation of the Shannon Entropy
(SE) in an L-dimensional phase space which in turn can be
calculated with the following equation:
SEðLÞ ¼ 
X
p sLðiÞð Þlog ðp sLðiÞð ÞÞ ð1Þ
where p[sL(i)] indicates the joint probability of finding a
specific sL(i) in the hyperspace, and the sum is extended for
all possible patterns of length L. Please note that the natural
logarithm is used instead of the more common base-2
logarithm and this makes the resulting units to be nats
instead of bits. CE is then defined as (Papoulis and Pillai
2002):
CEðLÞ ¼ SEðLÞ  SE L 1ð Þ ð2Þ
Intuitively, Eq. 2 shows that CE measures the new
information carried by the Lth sample of the pattern sL(i)
given that sL−1(i) is known. This estimation has a bias
because of the patterns found only once in the hyperspace
(called single points or patterns) due to the finite length of
the signals. If there are single points in the (L−1)-
dimensional space, they will be single in the L-dimensional
space as well. These patterns have a null contribution and
they bias the estimation towards zero. Hence, the CCE is
defined as follows (Porta et al. 1998) in order to solve this
underestimation of the entropy rate:
CCEðLÞ ¼ CEðLÞ þ CE 1ð Þ  percðLÞ ð3Þ
where CE(1) equals the unidimensional Shannon Entropy
of the signal SE(1), and perc(L) is the rate of single points
in the L-dimensional space, that is, the number of single
patterns divided by the total number of patterns of length L.
The extension to XCE takes into account two signals, s(i)
and r(i). If the patterns are defined so that they mix L−1
samples of one signal and a sample of the other signal, the
XCE becomes again a subtraction of two Shannon entropies
as in Eq. 2, and the correction term is introduced as
explained in Eq. 3. However, XCE is direction-dependent
and thus two cross-corrected conditional entropy (XCCE)
functions have to be defined (Porta et al. 1999):
XCCEs=rðLÞ ¼ XCEs=rðLÞ þ CEs 1ð Þ  percs=rðLÞ ð4Þ
XCCEr=sðLÞ ¼ XCEr=sðLÞ þ CEr 1ð Þ  percr=sðLÞ ð5Þ
where s/r and r/s simply indicate the mixture of the samples
used to form the patterns ([s(i),rL−1(i)] and [r(i),sL−1(i)],
respectively). The XCCE can be considered a measure of
unpredictability of one signal given that the other is
observed and completely known; in other words, a measure
of the information carried by one signal which cannot be
derived from the other. In this sense, the XCCE can be
considered a complementary measure of the cross-mutual
information, which is a measure of the statistical depen-
dence between two signals, that is, the information shared
between them.
As a result of its definition, XCCE corresponds to the
summation of a decreasing and an increasing term, with
respect to the pattern length L. Therefore, the course of the
function usually presents a minimum value (see Fig. 1) that
can be considered the best estimator of the uncoupling
between signals. The lower the value of the minimum is,
the lower the uncoupling between signals is, or, in other
words, the more dependent the signals are between them.
Finally, the XCCE is usually normalized with respect to
XCCE(1), which in turn is SE(1), and a relative measure of
the uncoupling between the two signals as a function of L is
obtained. From now on, the term XCCE will refer to these
normalized curves.
All possible pairs of EEG leads were selected for the
analysis and were evaluated by means of a corresponding
pair of XCCE functions (two curves per pair of EEG
channels), each of which was characterized by the
calculation of two variables:
& The minimum value, min(XCCE), which represents the
best estimator of the conditional entropy and is the most
common variable.
& The value of XCCE at L=2, XCCE(2), which represents
the first step downwards of the XCCE values, or, in
other words, measures the initial decay of the function.
This can be considered an alternative estimation of the
conditional entropy which has a much lower computa-
tional cost.
Fig. 1 Example of cross-corrected conditional entropy curve (green)
as a function of embedding dimension. XCE (red) and correction
factor (blue) are also depicted. Dotted and continuous lines corre-
spond to basal and post-administration time points, respectively
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Following the methodology of Porta et al. (1999), the
subsequent variables were used to characterize the uncou-
pling between each pair of electrodes:
& The absolute minimum (MINABS), that is, the lowest of
the minimum values of the two XCCE curves
corresponding to the pair of EEG channels under study.
& The lowest of the values obtained at XCCE(2)
(DIM2ABS).
All calculations were carried out with the software
package Matlab® (version 7.11, Mathworks, Natick, MA).
Coherence calculation
MSC was calculated by means of the Welch periodogram.
Spectral estimation was performed for each 30-s segment
considering every pair of EEG channels. Auto and cross-
power spectra were estimated and the MSC function was
obtained. For two signals s(i) and r(i) with respective
autospectra Pss(f) and Prr(f), and cross-spectrum Psr(f), the
MSC is given at each frequency bin by the following
equation:
MSCðf Þ ¼ Psrðf Þj j
2
Pssðf ÞPrrðf Þ ð6Þ
The significance level for the MSC was calculated by
means of amplitude adjusted and Fourier transformed
surrogate data (Schreiber and Schmitz 2000). Twenty
bivariate sets of surrogate data were used to obtain a
threshold which indicated null coherence, and only MSC
values higher than this threshold were considered for
subsequent analysis.
The average absolute MSC was calculated in the whole
EEG band (1.3 to 35 Hz, <MSC>) and also in the following
subbands: slow band (1.5 to 7.5 Hz, <MSCSLOW>), α (7.5
to 13 Hz, <MSCα>), and slow β (13 to 20 Hz,
<MSCSLOWβ>). Typically, the effect of benzodiazepines
on univariate EEG is a decrease of α1 power and increase β
power, defined from 7.5 to 10.5 Hz and from 13 to 35 Hz,
respectively (Barbanoj et al. 1994), but these changes
cannot be directly related and/or extrapolated to MSC
values.
Statistics
Statistics were performed using two-sided Wilcoxon signed
rank tests (statistical significance set to 0.1) to compare
placebo and drug intake at different time-points. All pairs of
channels were considered for the connectivity analysis, and
each significant difference in connectivity detected between
two locations on the scalp was represented as a line whose
width represented its statistical significance: thin lines
indicated p-values lower than 0.1; thick lines indicated p-
values lower than 0.05; and thick and dark-colored lines
represented significance lower than 0.01. Cold and warm
colors were used to represent significant decreases and
increases of the variables, respectively.
An omnibus significance test based on the binomial
theorem (Cross and Chaffin 1982) was performed in order
to correct the higher chance of false positive results due to
the multiple comparison tests and with the purpose of
detecting changes in EEG connectivity exclusively related
to drug effect. Thus, given that the overall significance
(whole head) was set to 0.05, a connectivity map was
considered significant when at least 25 individual signifi-
cant outcomes were present.
Time changes in the net pharmacological effect (both
baseline and placebo corrected) were compared to plasma
concentrations of alprazolam averaged for all subjects as a
function of time. In order to have a relative measure of this
comparison in the range from zero to one, the correlation
coefficients were calculated considering the anterior, central
and posterior regions of the scalp. Correlation coefficients
corresponding to connectivity between these zones, inter-
hemispheric connectivity and over the whole scalp were
also obtained.
Results
Cross-Conditional Entropy
Figure 2 shows the statistically significant differences in
nonlinear variables derived from XCCE. Baseline-corrected
significant changes between placebo and alprazolam appeared
45 min after drug administration. The number of EEG pairs
yielding significant changes is shown in Fig. 3 as a function
of time, together with alprazolam plasma levels. Drug
concentrations are averaged for all subjects to facilitate
comparison with EEG variables associated with cerebral
connectivitu. Figures 2 and 3 present the two nonlinear
variables, MINABS and DIM2ABS, which showed significant
differences at 45 and 60 min after drug intake. MINABS still
showed significant increases at 90 min and this effect
vanished completely after 2.5 h. These significant changes
corresponded to increases with respect to placebo, and
reflected drug-induced increase in the independent informa-
tion carried by the signals. It is important to note that despite
the fact that this increase seemed to affect the whole scalp at
its peak 1 h after drug intake, before and after that time point,
changes were mainly observed in the anterior half of the
scalp.
Coefficients shown in Table 1 also confirm a high
correlation between alprazolam plasma levels and the two
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nonlinear variables throughout the scalp except in posterior
areas. Connectivity in the anterior region was particularly
high, with a correlation coefficient of 0.96.
Coherence
Connectivity maps reflecting linear coherence-derived
variables were also calculated, and the most interesting
results are depicted in Fig. 4. Slow-band average coherence,
<MSCSLOW> did not show any significant changes but the
rest of variables, that is <MSCα>, <MSCSLOWβ> and
<MSC>, showed significant decreases with respect to
placebo. Analogously to their nonlinear counterpart,
changes appeared at 30 min for <MSCSLOWβ > and at
45 min for <MSCα> and <MSC>. Decreases disappeared at
60 min for <MSCα>, and at 90 min for <MSCSLOWβ > and
<MSC>. Several differences were found after that time
point but their number did not exceed the significance
threshold according to the omnibus test (see Fig. 3). It is
noteworthy that linear changes were observable at the peak
of intensity throughout the scalp but appeared and remained
visible over the anterior half of the scalp.
Coefficients in Table 1 also revealed a high correlation
between the plasma concentrations of alprazolam and the
linear variables, especially for slow beta and full bands.
These correlations were observed in all but posterior
regions.
Discussion and conclusions
Traditionally, the EEG is recorded using the 10/20 electrode
placement convention, but some connectivity studies have
only taken into account interhemispheric pairs of channels
(see, for instance, Sampaio et al. 2007). The present study
analyzed all possible pairs of channels, and an evaluation of
the electrophysiological effects of alprazolam on cerebral
connectivity was presented. In recent years, numerous
Fig. 2 Topographic maps showing statistically significant differences
in the MINABS and DIM2ABS variables. Maps show the net
pharmacological change (i.e., baseline-corrected comparisons with
placebo) at five time points after drug intake. Cold and warm colors
depict significant decreases and increases, respectively. Color intensity
and line thickness indicate different probability values: p-value<0.01
(dark and thick), p-value<0.05 (light and thick), and p-value<0.10
(light and thin)
Fig. 3 Average plasma level of
alprazolam at each time point (red
traces). Bars indicate the number
of significant differences found
for each variable and time point
over the whole scalp, and the
black dashed line represents the
minimum number of differences
obtained by the omnibus test that
is the significance threshold for
connectivity maps
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techniques have been introduced to characterize the
statistical relationships between brain signals through the
analysis of cerebral connectivity. Phase and generalized
synchronizations are the most widely used techniques
(David et al. 2004; Pereda et al. 2005; Stam 2005; Kreuz
et al. 2007; Wendling et al. 2009; Alonso et al. 2011). Other
authors have used different approaches to assess cerebral
connectivity (David et al. 2004; Stam 2005), and in this
context cross-entropy measures have been proposed to
characterize the probability of finding similar patterns
between neural signals (Papadelis et al. 2007; Zhang et al.
2007; Xie et al. 2010). Along with these innovative
techniques, classical measures such as correlation, power
spectral density and coherence have also been used recently
(Franciotti et al. 2006; Zavaglia et al. 2008; Jap et al. 2010;
Alonso et al. 2011).
Entropy-based assessment of cerebral connectivity has
been mainly used in the evaluation of anesthetic drugs
(Höcker et al. 2010; Kreuzer et al. 2010; Li et al. 2010).
Approaches based on nonlinear information transmission
have been seldom applied in the field of pharmaco-EEG
assessment. Especially in the analysis of electrophysiological
changes induced by medications in placebo-controlled
clinical trials involving healthy volunteers.
The purpose of the present study was to investigate the
pharmacological effects of alprazolam on cerebral connectivity
by means of XCE and to compare this approach with
alternative approaches. Benzodiazepine effects on the EEG
have been studied by means of several techniques such as
classical spectral analysis (Tan et al. 1998), coherence
(Romano et al. 2002; Sampaio et al. 2007), structural
synchrony (Fingelkurts et al. 2004) and cross-mutual infor-
mation (Alonso et al. 2010). In this last study, interesting
drug-related changes were obtained and they were not
bounded to any specific region of the scalp. The wide
distribution of the observed changes could have been caused
Fig. 4 Topographic maps showing statistically significant differences
in the <MSCα>, <MSCSLOWβ>, and <MSC> variables. Maps show
the net pharmacological change (i.e., baseline-corrected comparisons
with placebo) at five time points after drug intake. Cold and warm
colors depict significant decreases and increases, respectively. Color
intensity and line thickness indicate different probability values: p-
value<0.01 (dark and thick), p-value<0.05 (light and thick), and p-
value<0.10 (light and thin)
Table 1 Maximum absolute
values of the normalized cross-
correlation function between
variables related to net pharma-
cological effect and drug plasma
concentrations
Each row corresponds to the
average value in a region of the
scalp, or between the specified
regions
MINABS DIM2ABS <MSCα> <MSCSLOWβ> <MSC>
Anterior 0,96 0,96 0,88 0,95 0,92
Central 0,90 0,88 0,80 0,92 0,71
Posterior 0,81 0,79 0,78 0,88 0,49
Interhemispheric 0,95 0,95 0,92 0,93 0,91
Anterior-central 0,91 0,90 0,82 0,94 0,86
Anterior-posterior 0,48 0,25 0,54 0,90 0,79
Central-posterior 0,58 0,01 0,32 0,63 0,76
Global 0,90 0,86 0,84 0,94 0,90
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by volume conduction and reference electrode effects.
However, these potential confounds were minimized by the
experimental and statistical design which included the double
comparison between the recordings performed before and
after drug intake and also between drug and placebo
administration. This design, which was the same used in the
present work, ensured that all the obtained differences could
be associated with the pharmacological effect.
In this study, changes in EEG linear and nonlinear
couplings induced by the drug were separately assessed by
means of MSC and XCCE, respectively. Like all benzodia-
zepines, alprazolam promotes the inhibitory action of GABA,
one of the major neurotransmitters on the CNS. The
reinforcement of the inhibitory pathways could lead to partial
impairment of cortical connections, and thus a general
weakening of cerebral connectivity could be hypothesized.
Our previous experience indicates that this is the case for
alprazolam-induced changes in linear connectivity, con-
firmed by the results obtained with the coherence-related
variables: <MSCα>, <MSCSLOWβ>, and <MSC> only
showed significant decreases with respect to placebo (see
Fig. 4). Although <MSCSLOWβ> showed significant
decreases at 30 min, linear decreases of connectivity could
mainly be found from 45 min to 1.5 h after dosing,
consistent with reported timing of peak plasma concen-
trations (Greenblat and Wright 1993). Such a decrease in
linear interactions after alprazolam intake could be associ-
ated with an inhibition of thalamocortical connections. This
inhibition has been related to the typical reduction of the
level of vigilance associated with benzodiazepine adminis-
tration (Destexhe and Sejnowski 2001).
The number of significant changes found at each time point
also followed the aforementioned time course (see Fig. 3).
Correlation coefficients between plasma concentrations and
linear variables, particularly <MSCSLOWβ> and <MSC>,
were high for all connectivity evaluations except when the
posterior region was involved. This is the major difference
with respect to the previous study where the posterior zone
did not show such low values (Alonso et al. 2010). Thus, the
linear connectivity correlated with plasma concentrations
was focused on the anterior half of the brain and the decrease
of linear couplings was consistent with the hypothesis of
GABAergic inhibitory action and the results obtained in
(Alonso et al. 2010). However, these results do not match the
increase in interhemispheric coherence shown in the alpha
and beta bands found in Sampaio et al. (2007).
On the other hand, the conditional entropy measures
only showed significant increases (see Fig. 2), and these
differences were found between 45 min and 1 h for
MINABS and between 45 min and 1 h for DIM2ABS. Both
variables were also highly correlated with the time course
of plasma levels (see Table 1), particularly at the anterior
zone, with a coefficient of 0.96. As in the linear approach,
the spatial distribution of drug-induced changes was also
different from (Alonso et al. 2010). Our present results
clearly reflect the relevance of the anterior scalp in the
overall effects. Signal characteristics in this area are better
preserved using blind source separation as the artifact
reduction technique (Zhaojun et al. 2006). Drug-induced
changes in connectivity over the anterior half of the scalp
appeared earlier and remained longer than the maximum
effect attained at 1 h. This spatial distribution is the most
important difference with respect to our previous work
(Alonso et al. 2010). Correlation coefficients between
nonlinear variables and drug plasma levels at frontal and
posterior regions were 0.89 and 0.96, respectively, in our
previous work and 0.96 and 0.79, in the present study.
These results complement those reported in Alonso et al.
(2010) and Fingelkurts et al. (2004). These significant
increases could be related with a strengthening of local-
level neural interactions which have been modeled as
chaotic in nature (Freeman 2003; Polunina and Davydov
2006). This strengthening of neural interactions has been
related to the characteristic increase of beta activity after
benzodiazepine administration (Adler and Brassen 2001).
Therefore, it could be hypothesized that the obtained
changes between EEG leads could be due to both a
reduction of functional connectivity between subcortical
and cortical structures and an augmentation of functional
connectivity between cortico-cortical structures. It is worth
noting that all these variables should be understood in a
statistical sense and that they represent a way to quantify
the amount of information or dependence that can be
obtained from one scalp location knowing the information
at another location. In this sense, nothing can be said about
the mechanism or pathway that establishes or modifies a
specific connectivity relationship. Therefore, the impair-
ment or improvement of cortical connections might not be
the sole explanation for changes observed after drug intake.
The changes observed could also be caused by the
dissociation or synchronization between cortical and sub-
cortical structures (Jeong et al. 2001).
The works of Porta and coauthors (Porta et al. 1998, 1999,
2007a, b) allow for an efficient implementation of the XCCE
calculation at a low computational cost (20 times faster than
mutual information with surrogate data). They also allow to
overcome the drawbacks arising from finite-length data. The
Table 2 Calculation time for different nonlinear variables and all
EEG channel pairs and recording times
MINABS DIM2ABS CMIFAREA CMIFMAX CMIFDECAY
54.4 3.7 75.7 76.6 75.8
All values are shown in minutes
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computational time needed for the calculation of MINABS
from the XCCE function was slightly shorter that the time
needed for any variable associated with nonlinear couplings
obtained from a CMIF (see Table 2). In addition, a new
variable defined in the present study, DIM2ABS, which was
also very highly correlated with plasmatic concentration of
alprazolam, had a much lower computational cost (see
Table 2), which is an advantage compared with a previous
study (Alonso et al. 2010).
In conclusion, results showed that alprazolam adminis-
tration induced changes in EEG connectivity in terms of
uncoupling between regions of the scalp. The current study
provided new information compared to previous studies
(Alonso et al. 2010): changes induced by alprazolam appear
more focused on frontal areas and to a lesser extent on
central and posterior locations. Previous studies showed
lower spatial discrimination, with results spread over the
entire scalp. Additionally, a nonlinear variable from the
XCCE having a low computational cost was defined and
used. Finally, the time course of the connectivity maps,
which were highly correlated with drug plasma concen-
trations, provided consistent information about the way
brain changed in terms of connectivity. Our results
highlight the advantages of separately evaluating linear
and nonlinear couplings in pharmaco-EEG studies.
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